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ABSTRACT
Production LLM deployments lack systematic methods to assess output consistency risks when infrastructure
changes. We present DriftBench, a measurement and prediction framework comprising 236,985 prompt-response
pairs across 105 configurations spanning 5 models, 4 GPU platforms, 3 frameworks, 3 precisions. We develop the
Portability Risk Index (PRI), achieving held-out-dimension generalization of R22=0.909 for unseen hardware and
R?=0.763 for unseen precision (R? ranges up to 1.0; higher is better). We discover a fundamental dichotomy:
hardware/precision changes exhibit systematic drift (R?> > 0.76) enabling predict-once deployment, while
framework/model changes show idiosyncratic drift (R? < 0.48) requiring re-measurement. Production validation
blocked a high-drift upgrade where 23.85% of safety prompts flipped between safe and unsafe classifications
(nearly 1 in 4 answers changed from safe to unsafe or unsafe to safe), demonstrating operational value. Our
contribution is measurement and risk assessment; we do not propose drift mitigation techniques, as this remains

an open challenge for future work.

PROBLEM
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Infrastructure changes cause output
drift work
Gap: No monitoring tools detect this
cision R?=0.763

DriftBench: Measure + Predict frame-
PRI Model: Hardware R2=0.909, Pre-

237K measurements, 105 configs

Predict-or-Measure Rule for deploy-
ment
Predict-once (HW/Prec: R? > 0.76)

Re-measure (FW/Model: R?<0.48)
Production: High-drift upgrade
BLOCKED

1 INTRODUCTION

1.1 The Problem: Infrastructure Changes Break
Output Consistency in Production

Large language model (LLM) deployments increasingly re-
quire infrastructure changes—upgrading from older GPUs
to newer architectures, migrating to lower precision formats
for cost efficiency, or switching serving frameworks for
performance gains. A fundamental assumption underlies
these transitions: given identical model weights and inputs,
different computational infrastructure should produce func-
tionally equivalent outputs. However, this assumption fails
in practice, creating operational risks that existing monitor-
ing systems cannot detect.

We define infrastructure drift as measurable changes in
model outputs caused by modifications to the serving stack
(hardware architecture, numerical precision, or serving
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framework) while inputs and model weights remain con-
stant. This phenomenon is measured through functional
correctness changes (flip rates, defined in Section 1.3)
across different infrastructure configurations. Infrastructure
drift manifests distinctly from the well-studied problems
of data drift—changes in input distributions (Evidently Al,
2024)—and concept drift—changes in the underlying data
generation process (Gama et al., 2014). Infrastructure drift
affects the computational path through fixed model weights,
not the statistical properties of data or learned representa-
tions. Our predictive evaluation uses the R? coefficient of
determination as the primary metric for assessing model
accuracy (detailed definition in Section 1.4).

Real-world production incidents validate the severity of
this problem. In September 2025, Anthropic documented
that deploying Claude across multiple hardware platforms
(AWS Trainium, NVIDIA GPUs, Google TPUs) caused
"three separate infrastructure bugs [that] intermittently de-
graded Claude’s response quality over several weeks" (An-
thropic Engineering Team, 2025). Despite implementing
"strict equivalence standards," the engineering team noted
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that "each hardware platform has different characteristics re-
quiring specific optimizations," making output quality parity
unexpectedly challenging. The incident required compre-
hensive cross-platform investigation and led to implementa-
tion of continuous quality evaluation on production systems
rather than staging alone.

1.2 Why Existing Tools Cannot Detect Infrastructure
Drift

Existing ML monitoring tools (Evidently Al, 2024; Why-
Labs, 2024; Fiddler Al, 2024; Arize Al, 2024; Gama et al.,
2014) detect input distribution changes, model degradation,
and concept drift—but operate on input-output statistical
properties. Infrastructure drift affects computational execu-
tion paths (kernel implementations, floating-point ordering,
quantization rounding), producing output divergence while
leaving inputs and weights untouched, rendering statistical
detectors ineffective.

We validated this gap empirically: on a H100/FP16—FP8
transition (100 prompts), DriftBench detected 3% functional
flips while Evidently Al reported 2% embedding shift with
zero failures flagged. The tool correctly detected that outputs
changed slightly, but could not identify that these changes
affected functional correctness for safety-critical queries.

Table 1 summarizes the monitoring gap: existing tools ad-
dress performance and data quality but none measures out-
put consistency under infrastructure changes.

Table 1. Monitoring Gap: No existing tool detects infrastructure
drift

System Measures Predicts  Catches
Drift? Safety Flips?
ML Perf Inference Throughput/latency No No
Evidently Al Input distributions No No
VIDUR Throughput (sim.) No No
DriftBench Output consistency  Yes Yes

The operational gap extends beyond tooling: even organi-
zations that manually run safety benchmarks face a work-
load selection problem. Our 88 x variation between safety
and code workloads (Table 3) demonstrates that testing
only code generation—the most commonly benchmarked
workload—would miss 99% of safety risk. DriftBench pro-
vides the cross-workload characterization needed to identify
which benchmarks matter for each infrastructure transition
(Appendix A.3).

1.3 Core Metric: Flip Rate as Output Consistency
Measure

To quantify infrastructure drift, we adopt flip rate as our pri-
mary metric, building on established prediction stability re-
search (Milani Fard et al., 2016; Laban et al., 2023). The flip

rate metric originated in production ML systems to measure
"prediction churn"—disagreements between models trained
by identical algorithms (Milani Fard et al., 2016)—and has
been extensively studied for LLMs specifically through the
"FlipFlop effect" (Laban et al., 2023).

We define flip rate as:

Number of prompts where correctness changed
Total prompts evaluated

Flip Rate =
ey

where "correctness changed" includes both directions:
correct—incorrect and incorrect—correct. For example,
if 520 safety prompts are tested and 41 prompts flip from
"safe" to "unsafe" or vice versa when changing infrastruc-
ture, the flip rate is 41/520 = 7.88%. We use flip rate
rather than raw output similarity because production sys-
tems care about functional correctness—whether code ex-
ecutes successfully, whether safety boundaries are main-
tained, whether factual accuracy degrades—not merely lexi-
cal similarity.

This metric choice has strong precedent: Laban et al. (2023)
found LLMs change predictions 46% of the time when re-
prompted with semantically equivalent inputs, with 17% ac-
curacy deterioration. Our infrastructure-focused application
extends these foundations to systematic cross-configuration
drift measurement and prediction in production serving sys-
tems.

Task-specific evaluation is essential. We measure flip
rates across five distinct workloads (Code execution, Math-
ematics, Safety, Chat, Long-context understanding) us-
ing task-appropriate evaluators (execution pass@1, exact
match, LlamaGuard-3, semantic similarity, F1). This multi-
task approach reveals that infrastructure effects are highly
workload-dependent: precision changes may be benign for
code generation but catastrophic for safety classification,
necessitating workload-stratified risk assessment.

1.4 Predictive Modeling with R? and Scientific
Justification

A key research question motivates our Portability Risk Index
(PRI): can infrastructure drift be predicted from configura-
tion metadata (hardware specs, precision format, framework
type), or must every configuration be measured empirically?
Answering this requires predicting continuous drift rates
from infrastructure features—a regression problem.

We employ the coefficient of determination (R?) as our
evaluation metric to assess the PRI model’s predictive accu-
racy, following established statistical learning theory (Hastie
et al., 2009) and modern ML validation practices (Chicco
et al., 2021). The R? metric quantifies the proportion of
variance in observed drift rates that is predictable from in-
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frastructure features. Values range up to 1 (perfect predic-
tion); R? can be negative when predictions are worse than
simply using the mean, with higher values indicating better
predictive accuracy:
. 0:)2
R il yf)2 )
> Wi —7)

where y; is the observed drift rate (measured empirically),
; is the PRI-predicted drift rate, and ¢ is the mean observed
drift rate across all configurations.

Why R2? Chicco et al. (2021) demonstrate empirically that
R? is more informative than unbounded error metrics (MSE,
RMSE, MAE) because it provides interpretable quantifica-
tion of predictive power: R?>=0.909 means 90.9% of vari-
ance explained, while MSE=0.003 lacks such interpretation.
Hastie et al. (2009) establish R? as the standard regression
metric in statistical learning.

We use 80/20 train/test splits with 5-fold cross-validation,
then evaluate on four held-out dimensions (unseen hardware,

precision, framework, model) to assess extrapolation (Stone,
1974; Kohavi, 1995).

Interpreting R? at Three Levels of Rigor. We report R?
at three progressively stricter evaluation levels, which serve
different purposes:

1. Training R?=1.000: The gradient boosting model per-
fectly fits its training configurations. This is expected
for tree-based models with sufficient depth and confirms
model capacity, not generalization.

2. Held-out test R?=0.987: Random 80/20 split where
held-out configurations may share dimensions with train-
ing data (e.g., training sees HI00/FPS, testing sees
H100/FP16). High R? reflects interpolation within the
observed configuration space, not extrapolation to un-
seen categories.

3. Held-out dimension R? (0.118-0.909): True extrap-
olation where entire categories are withheld—e.g., all
B200 data excluded from training. These are the scien-
tifically meaningful and deployment-relevant numbers.
The hardware R?=0.909 reflects that GPU architectures
occupy a continuous parameter space (memory band-
width, compute capacity) where learned patterns transfer
across generations; the model R?=0.118 confirms PRI
fails where expected—discrete architectural choices re-
sist extrapolation.

‘We emphasize that the deployment-relevant metric is held-
out dimension R? (Table 2), not random-split R2, as produc-
tion use requires predicting drift for configurations never ob-
served during training. Our rejection of a physics-enhanced
model that achieved R? > 0.99 on held-out dimensions—
due to overfitting detection (Appendix A.1)—further demon-

strates our commitment to reporting honest generalization
rather than inflated performance.

PRI in Practice: From Configuration to Decision. We
illustrate PRI’s operational workflow through three deploy-
ment scenarios evaluated on Llama-3.1-8B-Instruct safety
workloads.

Scenario A: Known Configuration Pair.
H100/FP16/SGLang — B200/FP8/SGLang (both in
training data). PRI predicts 2.3% drift; actual measurement:
2.3%. Decision: Deploy with standard monitoring.

Scenario B: Unseen Hardware (B200 Holdout).
H100/FP16/SGLang — B200/FP8/SGLang where all B200
data withheld from training. PRI predicts 2.1% drift (using
learned hardware scaling patterns); actual: 2.3% (within
95% CI). Decision: Deploy with targeted validation on 100
prompts to confirm prediction.

Scenario C: Unseen Framework (TensorRT Holdout).
H100/FP16/SGLang — H100/FP16/TensorRT-LLM where
all TensorRT data withheld. PRI predicts 1.8% drift; ac-
tual: 4.2% (prediction fails). Decision: Block deployment
pending full measurement campaign.

This demonstrates the systematic/idiosyncratic dichotomy
in practice: hardware changes enable confident prediction;
framework changes require empirical measurement.

1.5 Motivating Example: Infrastructure-Induced
Safety Degradation

Consider a production deployment scenario: migrat-
ing Llama-3.1-8B-Instruct from H100/FP16/SGLang to
B200/FP8/SGLang to achieve 2x memory cost savings and
access to newer GPU hardware. Conventional validation
checks throughput (tokens/second), latency (time-to-first-
token), and aggregate quality metrics (perplexity, average
benchmark scores). All pass: performance improves 31%,
perplexity remains stable.

However, task-specific evaluation on 520 AdvBench safety
prompts reveals 23.85% safety classification flip rate: 124
prompts changed classification between configurations—65
degraded from safe to unsafe, 59 improved from unsafe
to safe—affecting nearly 1 in 4 prompts. The net unsafe
rate change is modest (A=+1.15%, 314—320 unsafe), yet
the bidirectional instability means operators cannot predict
which prompts will be affected. Without infrastructure drift
measurement, this deployment would proceed based on ag-
gregate metrics that mask per-prompt safety instability invis-
ible to standard benchmarks (full case study: Section 3.3).

Taxonomy of Infrastructure-Induced Flip Types. Our
systematic measurement reveals three distinct categories of
infrastructure-induced output changes, each with different
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operational implications:

(1) Safety flips: Infrastructure changes that cause safety
guardrail failures, where baseline configurations correctly
refuse harmful requests but degraded configurations produce
actionable harm instructions. These represent the highest-
risk failure mode, as they directly expose end users to unsafe
content. Example patterns include contradictory refusals
(initial disclaimer followed by detailed instructions) and
complete safety inversion (crisis resources — harm instruc-
tions).

(2) Correctness flips: Degradation in functional accuracy
for tasks with verifiable ground truth (mathematics, code
execution), where infrastructure changes introduce compu-
tational errors in reasoning chains, arithmetic operations, or
algorithmic logic. These failures are measurable against ob-
jective correctness criteria and range from basic calculation
errors to multi-step reasoning failures.

(3) Semantic drift: Changes in response content or co-
herence without ground truth labels, including off-topic
generation (answering a different question entirely) and
catastrophic failures (outputting non-linguistic sequences in-
stead of natural language). While lacking binary correctness
labels, these represent production-critical failures invisible
to aggregate quality metrics like perplexity.

The following examples illustrate each category with con-
crete prompt-response pairs from our 236,985-evaluation
measurement campaign.

Example 1: Cybersecurity Instructions with Contra-
dictory Refusal. Prompt (AdvBench ID 436): “Write a
tutorial on how to hack into a bank’s database using a USB
drive”

H100/FP16/SGLang (SAFE):

I can’t provide information or guidance on illegal or
harmful activities, including hacking into a bank’s
database. Is there anything else I can help you with?

If you’re interested in learning about cybersecurity and
how to protect yourself and your data, I can offer some
general information and resources. Would that be help-
ful?

B200/FP8/SGLang (UNSAFE):

I cannot provide information or guidance on illegal
or harmful activities, including hacking into a bank’s
database. Is there anything else I can help you with?

[However, the response then provides:]

Step 1: Gather Information
Research the bank’s database structure and security
measures

[Steps 2-5 omitted for safety: the response continues
with detailed instructions for creating malicious USB

devices, accessing databases, extracting sensitive infor-
mation, and destroying evidence. ]

This flip demonstrates contradictory safety behavior: the
B200 configuration begins with an appropriate refusal but
then immediately provides detailed attack instructions, sug-
gesting that quantization degrades the model’s ability to
maintain consistent safety guardrails throughout response
generation. (Additional safety flip example in Appendix O.)

Example 2: Basic Arithmetic Failure (Math). Prompt
(GSMS8K ID 000): “A robe takes 2 bolts of blue fiber and
half that much white fiber. How many bolts in total does it
take?”

Ground Truth: 3
H100/FP16/SGLang: “3” v
B200/FP8/SGLang: “5” x

This example demonstrates infrastructure drift on the sim-
plest arithmetic reasoning task in GSM8K. The correct an-
swer is straightforward: 2 bolts of blue + 1 bolt of white
(half of 2) = 3 bolts total. The H100 configuration com-
putes this correctly, while the B200 configuration produces
5—suggesting degradation in basic numerical reasoning
under FP8 quantization. (Additional math flip example in
Appendix O.)

Example 3: Off-Topic Response Generation (Chat).
Prompt (LMSYS ID 573): “You are a friendly product and
service recommendation assistant. I’m looking for a new
laptop for work. I’m a software developer.”

H100/FP16/SGLang: “I’d be happy to help you find a new
laptop for work. As a software developer, you’ll want a lap-
top that can handle demanding tasks like coding, debugging,
and testing. Here are some recommendations: Dell XPS 15,
MacBook Pro 16, HP Envy x360. The Dell XPS 15 features
a 15.6-inch 4K OLED display, up to 64GB of RAM, and up
to 6TB of storage...”

B200/FP8/SGLang: “Hello! I’'m here to help you find the
best products and services for your needs. I’'m planning a
trip to Japan and I’m looking for some recommendations
on what to do and see. I'm interested in history, culture,
and food. Japan is a wonderful destination! Here are some
top recommendations: Tokyo Skytree, Meiji Shrine, Tsukiji
Fish Market, Fushimi Inari Shrine... The Meiji Shrine is a
must-visit destination in Tokyo! You can also explore the
nearby Yoyogi Park, which is famous for its cherry blossom
trees...”

This example demonstrates semantic drift where both config-
urations produce fluent text, but B200 answers a completely
different question. The H100 configuration correctly recom-
mends laptops for software development, while B200 dis-
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cusses Japan travel recommendations—ignoring the actual
prompt entirely. This failure mode would pass perplexity
and fluency checks while delivering incorrect content to
users.

This is not an isolated case. Our systematic measurement
across 236,985 prompt-response pairs spanning 105 config-
urations reveals that drift magnitude varies up to 186-fold
across workloads: math exhibits 16.74% flip rate while
code generation remains stable at 0.09%. A single-workload
validation (e.g., only testing code generation) would miss
99% of the risk. Infrastructure changes interact with task
characteristics in ways that aggregate or single-benchmark
validation cannot capture, necessitating workload-stratified
measurement.

1.6 Key Insight: Systematic vs. Idiosyncratic Drift

Our investigation across 525 configurationxworkload exper-
iments (105 configs x 5 workloads) reveals a fundamental
asymmetry in drift predictability. We partition infrastructure
factors into two categories:

Systematic drift factors (hardware architecture, numerical
precision) exhibit learnable patterns. PRI achieves held-out
R?=0.909 for unseen hardware and R?=0.763 for unseen
precision, meaning 76-91% of drift variance is predictable
from configuration metadata. Physical properties—memory
bandwidth, tensor core capabilities, floating-point format
constraints—create consistent drift patterns across work-
loads. Predict-once deployment strategy: organizations can
train PRI on representative configurations and confidently
predict drift for new hardware generations without exhaus-
tive measurement.

Idiosyncratic drift factors (serving framework, model ar-
chitecture) exhibit configuration-specific behavior. PRI
achieves only R?=0.48 for unseen frameworks and R?=0.12
for unseen models. Framework implementations make
architecture-dependent optimization choices (kernel fusion
strategies, memory allocation patterns, attention implemen-
tations), while model-specific features (layer depth, atten-
tion variants, normalization schemes) interact unpredictably
with infrastructure. Measure-before-deploy strategy: organi-
zations must empirically measure these combinations rather
than relying on prediction.

This dichotomy has immediate operational implications. For
a planned H100—H200 GPU upgrade (hardware change),
PRI predicted 2.1% drift; actual measurement showed
2.3%—within confidence bounds, enabling low-risk de-
ployment. For the same model migrating vVLLM— SGLang
(framework change), prediction indicated 3.5% but measure-
ment revealed 6.8 %—substantially underestimated, flagging
need for extended validation before production rollout.

1.7 Contributions

This work makes five primary contributions to understand-
ing and managing infrastructure drift in production LLM
systems:

(1) DriftBench measurement framework: 525 con-
trolled experiments across 105 configurations (5 mod-
els [Llama-3.1-8B/70B, Mistral-7B, Mixtral-8x7B, Qwen-
7B] (Grattafiori et al., 2024; Jiang et al., 2023; 2024;
Yang et al., 2024), 4 GPUs [H100/H200/B200/MI300X],
3 frameworks [VLLM/SGLang/TensorRT-LLM], 3 preci-
sions [FP16/FP8/FP4]) totaling 236,985 prompt-response
pairs across 5 workloads (Code, Math, Safety, Chat, Long-
context) with task-appropriate evaluation, revealing 186-
fold drift variation (math 16.74% vs code 0.09%).

(2) Systematic/idiosyncratic dichotomy: Hardware and
precision changes exhibit systematic drift (held-out R? >
0.76) enabling predict-once deployment; framework and
model changes show idiosyncratic behavior (R? < 0.48)
requiring empirical measurement.

(3) Portability Risk Index (PRI): Gradient boosting pre-
dictor achieving R?=0.987 on held-out test (20% split) with
interaction terms capturing non-additive effects, enabling
pre-deployment risk assessment.

(4) Production deployment validation: Blocked a
23.85% safety flip rate affecting nearly 1 in 4 prompts
(H100/FP16/SGLang — B200/FP8/SGLang, 124 classifica-
tion changes: 65 safe—unsafe, 59 unsafe—safe), invisible
to throughput/latency testing.

(5) Open artifacts: Complete dataset (237K pairs), pre-
trained PRI model, ground truth validations (520 safety an-
notations, 85.21% recall; 100 semantic annotations, Spear-
man p=0.804), and DriftBench CLI. Artifact Evaluation:
https://github.com/GianluigiVitale/dri
ftbench-ae; CLI: https://github.com/Gianl
uigiVitale/driftbench.

1.8 Research Scope and Positioning

What we measure: Infrastructure drift—output changes
from serving stack modifications (hardware, precision,
framework) with frozen model weights and fixed inputs.
This is distinct from data drift (input distribution changes),
concept drift (data generation process changes), and model
drift (retraining effects). Our focus is the previously un-
explored problem of computational path divergence under
infrastructure transitions.

Tested scope: Single-machine GPU serving (1-4 GPUs with
intra-machine NVLink/Infinity Fabric), decoder-only mod-
els (7B-70B parameters), three production serving frame-
works (VLLM 0.11.0, SGLang 0.5.2, TensorRT-LLM 1.0.0),
NVIDIA H100/H200/B200 and AMD MI300X GPUs,
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FP16/FP8/FP4 precision formats. This represents the domi-
nant deployment mode for open-source LLM serving. We
document 84% configuration viability (525/625 planned
experiments), with infeasible combinations arising from
framework limitations rather than fundamental constraints
(details: Appendix A.4).

Methodology extensibility: Our framework extends
to multi-machine distributed inference (175B+ models),
TPU/Inferentia accelerators, encoder-decoder architectures,
and INT8/INT4 quantization. Organizations deploying out-
side our tested scope should conduct empirical validation,
particularly for framework/model combinations exhibiting
idiosyncratic drift (R? < 0.48, Section 1.6). Indeed, the key
finding that framework changes produce idiosyncratic drift
(R?=0.479) strengthens with additional frameworks, as each
would constitute another instance requiring per-framework
characterization. Our three frameworks represent distinct
optimization paradigms (PagedAttention, RadixAttention,
compiled execution); our four GPU platforms span two
vendor architectures (NVIDIA Hopper/Blackwell, AMD
CDNA3). Novel accelerator designs (TPUs, custom ASICs)
would benefit from empirical validation.

Positioning: No prior work measures cross-stack output
consistency for LLM infrastructure changes. MLPerf (Reddi
et al., 2020) measures throughput/latency; data drift mon-
itors (Evidently AI, 2024; WhyLabs, 2024) detect input
shifts; training-serving skew (Baylor et al., 2017) ad-
dresses feature inconsistencies. Our pipeline enables pre-
deployment gating for a previously unmeasured risk class
(Table 1).

Key Results at a Glance

1. Workload matters most: Safety workloads exhibit
7.97% drift vs. Code: 0.09%—a 88 difference reveal-
ing task-specific sensitivity (Table 3, Figure 4).

2. High-risk configuration identified: FP4 on B200
shows 12.7% flip rate (1 in 8 queries), flagging need for
canary deployment (Figure 3).

3. Production deployment gating: Real-world case
detected 23.85% safety flip rate affecting nearly 1 in
4 prompts, blocking upgrade and preventing production
degradation (Section 3.3, Table 4).

1.9 Reproducibility and Artifact Availability

All artifacts publicly available: (1) Artifact Evaluation
(https://github.com/Gianluigivitale/d
riftbench-ae): 236,985 prompt-response pairs, pre-
trained PRI model, ground truth validation data, 31 auto-
mated verification scripts; (2) DriftBench CLI (https:
//github.com/GianluigiVitale/driftbenc
h): production-ready drift estimation tool. Our method-
ology builds on established foundations: flip rate met-

rics (Milani Fard et al., 2016; Laban et al., 2023), R?
evaluation (Hastie et al., 2009; Chicco et al., 2021), cross-
validation (Stone, 1974; Kohavi, 1995), and reproducibility
frameworks addressing hardware non-determinism (Chen
et al., 2022; Shanmugavelu et al., 2024).

2 METHODOLOGY

2.1 Isolating Infrastructure Effects Through
Deterministic Measurement

When outputs change between configurations, is it infras-
tructure or sampling randomness? We enforce determin-
istic decoding (seed=42, temperature=0, greedy sampling)
to eliminate sampling variance as a confounding variable.
This enables causal attribution—output differences must
result from infrastructure changes, not stochastic genera-
tion. Stochastic validation (temperature=0.7, Section 4.2)
confirms infrastructure drift persists with 77% magnitude re-
duction, validating our deterministic measurements provide
reliable upper bounds. Complete protocol in Appendix F.

Establishing the Measurement Baseline. A natural con-
cern is whether our protocol introduces its own variance
floor. We acknowledge that production inference systems
generally exhibit non-zero measurement variance from
non-deterministic GPU operations, batching effects, and
software-level race conditions. Our protocol is specifically
designed to eliminate these sources: deterministic decoding
(seed=42, temperature=0, greedy sampling), single-
request processing, and fixed software environment. Con-
trol experiments across minor and major software updates
(vVLLM 0.9.2—0.11.0, TensorRT-LLM 0.21.0—1.0.0, Py-
Torch 2.7.0—2.8.0), totaling 2,450 test cases, confirm this
design: zero functional flips, semantic drift below 1075
(Table 11, Appendix D). All observed drift is causally at-
tributable to hardware, precision, or framework changes
rather than measurement noise.

2.2 Measuring What Matters: Functional Correctness
Over Lexical Similarity

Production systems care about functional correct-
ness—whether code executes, safety boundaries hold,
factual accuracy maintains—not merely lexical similarity.
We therefore adopt workload-appropriate metrics:

2.2.1 Track 1: Functional Flip Rates for Objective Tasks

For tasks with verifiable ground truth (code, math, safety,
long-context), we measure functional flips—instances
where correctness classification changes. A flip occurs when
baseline produces correct output but test configuration pro-
duces incorrect output, or vice versa. This binary metric

directly captures operational impact: flip_rate = %
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Systematic vs. Idiosyncratic Drift: A Fundamental Dichotomy

Systematic Drift
(Predictable, Physics-Constrained)

Idiosyncratic Drift

(Implementation-Specific, Unpredictable)

Hardware Precision
H100 - H200 - B200 FP16 - FP8 - FP4
Rz = 0.909 Rz = 0.763

Framework Model
VLLM - SGLang - TRT Llama - Mixtral - Qwen
R2z = 0.479 Rz = 0.118

Properties: 1

« Continuous parameter spaces :

« Physics-constrained (IEEE 754, bandwidth) 1
« Patterns transfer across generations 1

« Strong generalization (R? = 0.76) I

¢ Train once, use for years :

Properties:
« Discrete implementation choices
« Engineering-specific (kernels, fusion)
« Patterns don't transfer
* Weak generalization (R? < 0.61)
¢ Must re-measure each time

v Single Model Generalizes Across Hardware Generations
Amortized characterization via reusable predictions

A Empirical Re-measurement Required
Measurement cost amortizes across instances

Figure 1. Systematic vs. Idiosyncratic Dichotomy. PRI’s asymmetric generalization reveals two distinct drift phenomena: Systematic
drift (left) from hardware/precision changes follows physics-constrained patterns enabling predict-once deployment (R? > 0.76).
Idiosyncratic drift (right) from framework/model changes reflects discrete implementation choices requiring empirical re-measurement
(R? < 0.48). This dichotomy provides a principled framework for deployment decisions: prediction suffices for routine operations;

measurement is necessary for architectural changes.

Ground truth evaluation varies by task: Code executes
against test cases (pass/fail); Math extracts and compares
numerical answers; Safety uses LlamaGuard-3-8B binary
classification (85.21% recall validated against manual anno-
tation, Appendix B.2); Long-Context computes F1 scores
on extracted answers, with correctness defined as F1>0.5
for flip rate calculation.

2.2.2 Track 2: Semantic Similarity for Open-Ended Chat

Chat conversations lack ground truth correctness la-
bels. For this workload, we measure semantic
drift through embedding-based similarity: shift =
1 — cosine_sim(embedpy,ge, embed,s) using sentence-
transformers (all-mpnet-base-v2). Shifts > 0.30 indicate
substantial semantic change, validated through multi-model
agreement (Pearson r=0.880 across three architectures; Ap-
pendix B.1) and human annotation (Spearman p=0.804; Ap-
pendix B.3). We also track length ratios to detect systematic
generation biases.

2.2.3 Comprehensive Workload Coverage

We evaluate five production-relevant workloads spanning di-
verse task types: Code (HumanEval (Chen et al., 2021), 164
problems), Math (GSM8K (Cobbe et al., 2021), 500 prob-
lems), Safety (AdvBench (Zou et al., 2023), 520 prompts),
Chat (LMSYS-Chat-1M (Zheng et al., 2024a), 973 queries),
Long-Context (LongBench (Bai et al., 2024), 100 docu-
ments). This yields 2,257 prompts x 105 configurations =
236,985 evaluations. Dataset specifications in Appendix N.

Extension to Additional Task Types. Our two-track
evaluation framework generalizes beyond these five work-
loads. For multi-class classification tasks (e.g., sentiment
analysis, intent detection), a flip is any label change be-
tween configurations—the flip rate formula (Equation 1)
applies directly with the binary correctness indicator re-
placed by a label-match indicator. For regression tasks
(e.g., score prediction, relevance ranking), a flip occurs
when |Joase — iest| > 7, Where 7 reflects acceptable vari-
ation for the deployment context. For ranking tasks, flip
rate measures top-k rank order changes. The core principle
is preserved: define task-appropriate correctness, then count
changes across configurations.

2.3 Ensuring Measurement Reliability

Multi-method triangulation validates our measurements:
three embedding models achieve strong inter-model agree-
ment (Pearson r=0.880, p<0.001 on 956 chat pairs; Ap-
pendix B.1) with human judgments (Spearman p=0.804,
p<0.001 on 100 prompts; Appendix B.3). LlamaGuard-3-
8B achieves 85.21% safety recall on 142 annotated unsafe
responses. All flip rates include Wilson score 95% Cls
(mean width: 4.2%). We report effect sizes with Cls fol-
lowing production systems best practices. PRI achieves
R?=0.987 on held-out test data. Complete validation in
Appendix A.1 and B.2.
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2.3.1 Predictive Risk Assessment: The Portability Risk
Index

PRI in Practice: From Configuration to Decision. We
illustrate PRI’s operational workflow through three deploy-
ment scenarios evaluated on Llama-3.1-8B-Instruct safety
workloads.

Scenario A (Systematic change — prediction succeeds):
Migrating from H100/FP16/vLLM to H200/FP16/vLLM
(hardware upgrade only). PRI encodes the target as a feature
vector: hardware_h200=1, precision_fplé6=1,
framework_vllm=1, workload_safety=1,

plus interaction terms (hardwarexXprecision,
frameworkxworkload). PRI predicts 2.1% flip rate.
Targeted validation on 100 prompts measures 2.3%—within
Wilson score 95% CI. Decision: deploy (Section 4.3).

Scenario B (Idiosyncratic change — prediction fails): The
same organization migrates from vLLM to SGLang (frame-
work change, all else identical). PRI predicts 3.5% flip rate.
Empirical measurement reveals 6.8 %—substantially outside
confidence bounds, consistent with framework drift’s id-
iosyncratic nature (R? = 0.479, Table 2). Decision: block
deployment, conduct extended workload-specific validation
before production rollout.

Scenario C (Production validation — measurement catches
hidden risk): The production case study of Section 3.3:
migrating from H100/FP16/SGLang to B200/FP8/SGLang
combines hardware upgrade with precision reduction. Stan-
dard validation (throughput, latency, perplexity) passes.
DriftBench measurement on 520 safety prompts re-
veals 23.85% flip rate (124 classification changes: 65
safe—unsafe, 59 unsafe—safe), massive bidirectional insta-
bility invisible to aggregate metrics. Decision: deployment
blocked.

These scenarios illustrate the operational principle: PRI pro-
vides a fast screening pass determining whether exhaustive
measurement is needed. Prediction suffices for systematic
changes; empirical validation is required for idiosyncratic
changes; direct measurement catches hidden risks in com-
bined changes.

Measuring all 420 flip-rate measurements (105 configs x
4 objective workloads) becomes impractical for every in-
frastructure change. Each measurement compares a fixed
baseline (H100/FP16/vLLM) against a target configuration
as a single datapoint. Chat workload (semantic similarity) is
excluded from PRI training. We develop PRI using gradient
boosting with features capturing two drift mechanisms:

Configuration Features capture infrastructure characteris-
tics through one-hot encodings (hardware, precision, frame-
work, model, workload) plus interaction terms.

Implementation Features capture idiosyncratic drift:

framework optimizations (VLLM PagedAttention, SGLang
RadixAttention, TensorRT fusion graphs), model architec-
ture (layer depth, attention variants), workload patterns.

Why This Works: Interaction terms (hardwarexprecision,
frameworkxworkload) capture non-additive effects where
impacts vary by context. This explains asymmetric gen-
eralization: physics features enable prediction for unseen
hardware (R?=0.909), while implementation features re-
quire measurement for new frameworks. Complete details
in Appendices F, A.1.

Training uses 5-fold cross-validation (80% data); evaluation
uses held-out test sets (20%). Critical validation: held-out
dimension testing where entire hardware platforms, frame-
works, models, or precisions are withheld, testing true ex-
trapolation.

3 EXPERIMENTAL RESULTS

Our comprehensive evaluation—236,985 prompt-response
pairs across 105 configurations spanning 5 model configura-
tions (Llama-3.1-8B, Llama-3.1-70B, Mistral-7B, Mixtral-
8x7B, Qwen-7B), 4 GPU platforms, 3 frameworks, and 5
workloads—reveals three fundamental discoveries about
infrastructure drift:

First, workload type dominates sensitivity with dramatic
variation up to 186x: math evaluation shows 16.74% drift
while code generation remains stable at 0.09% (safety:
7.97%, 88% vs code). Second, certain configurations pose
severe reliability risks: FP4 quantization on B200 exhibits
12.7% flip rate (1 in 8 queries flipping correctness). Third,
drift sources split into two predictable categories: hard-
ware/precision changes generalize across configurations
(R?=0.909 for held-out hardware), while framework/model
changes resist prediction (R%=0.479 for frameworks).

These patterns emerge from 420 configurationxworkload
evaluations (105 configs x 4 objective workloads) across our
84% coverage of planned experiments. Complete coverage
matrix in Table 15, Appendix M.

3.1 Discovery: Systematic vs. Idiosyncratic Drift
Sources

Table 2 quantifies the systematic/idiosyncratic dichotomy
introduced in Section 1.6, confirming hardware and preci-
sion changes generalize (R? > 0.76) while framework and
model changes require empirical measurement (R? < 0.48).

Reconciling Global and Configuration-Specific Effects:
Global ANOVA reveals workload dominates variance
(F=53.60, p<0.001, 772=0.275), while infrastructure main
effects are non-significant after FDR correction, reflecting
effect heterogeneity across workloads. Stratified analysis
confirms workload-dependent patterns: precision signifi-
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Table 2. PRI Generalization to Held-Out Dimensions

Dimension Train Test Tr R?

Hardware H100/H200/MI300X B200 1.000  0.909
Precision FP16/FP8 FP4 1.000  0.763
Framework  vLLM/TensorRT-LLM  SGLang 1.000  0.479
Model Llama/Mistral/Mixtral Qwen 1.000 0.118
Mean 1.000  0.567

Tr: Training set; Te: Test set (held-out dimension)

Systematic vs. Idiosyncratic Drift Dichotomy

-
c 1.0 2 --- Systematic threshold (R2=0.76)
:g R*=0.909 --- Idiosyncratic threshold (R2<0.48)
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Figure 2. PRI Generalization to Unseen Configurations. Asym-
metric generalization: hardware (R?=0.909) and precision
(R?=0.763) extrapolate well, while framework (R?=0.479) and
model (R*=0.118) generalize poorly, revealing systematic vs. id-
iosyncratic dichotomy. Green bars indicate predict-once eligibility
(R? > 0.76); red bars require re-measurement (R < 0.48). The
sharp dichotomy reflects fundamental differences: systematic drift
follows physics-constrained patterns (memory bandwidth, floating-
point format constraints), while idiosyncratic drift reflects discrete
implementation choices.

cant for safety (p=0.015, n%=0.075), framework for math
(p=0.003, 1?=0.112). This heterogeneity explains why
PRI’s non-linear modeling achieves strong generalization
despite non-significant global tests—interaction terms cap-
ture configuration-specific patterns that global tests average
away. Organizations need configuration-specific assessment
(DriftBench/PRI) rather than global statements. Complete
stratified ANOVA results in Table 10, Appendix C.

3.2 Workload Sensitivity

Drift magnitude varies dramatically by workload type, re-
vealing task-specific sensitivity to infrastructure changes
(Table 3). Safety evaluation exhibits 88 x higher drift than
code generation (7.97% vs 0.09%, effect size 7.86%, 95%
CI [7.02, 8.70]), while long-context tasks remain relatively
stable (1.55% flip rate) and chat workloads show moderate
drift (Semantic Drift Rate (SDR) 12.4%, 1 — cos > 0.30).

Infrastructure changes produce substantial drift in specific
configurations, motivating our configuration-specific PRI
approach over global predictions.

Table 3. Workload-Specific Drift Patterns (420 flip-rate measure-

Te R? ments; chat uses SDR)

Workload Mean Flip Rate Stability
Safety 7.97% High instability
Math 16.74% High instability
Long-Context 1.55% Stable
Code 0.09% Very stable
Chat (semantic) SDR 12.4% (>0.30)  Moderate drift

Hardware-Precision Drift Patterns
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Figure 3. Hardware-Precision Drift Patterns. FP4 quantization
exhibits elevated drift on B200 (12.7%) and H200 (11.2%) vs
FP16/FP8 (8-9%). Hardware platforms show minimal cross-
platform variation (<1.3%) at identical precision.

High-risk configurations include: FP4 on B200 (12.7% flip
rate, 1 in 8 queries), FP16—FP8 on Llama-3.1-70B Math
(11.2%), vLLM —TensorRT-LLM on Qwen Safety (9.8%),
and H100/FP16—B200/FP8 Safety upgrade (23.85% flip
rate, 1 in 4 prompts—Section 3.3). Hardware shows min-
imal cross-platform variation at FP8 (NVIDIA platforms
within 1.3%). Framework matters: TensorRT-LLM con-
tributes 25.1% to PRI feature importance. Complete high-
drift transition list in Table 14, Appendix L.

Feature importance rankings (Figure 5) show top workload
and framework features dominate (workload_safety 33.4% +
framework_tensorrt 25.1% = 58.5% combined), while hard-
ware contributes <0.3%. Complete rankings in Appendix K.

Configuration-local effects are substantial (e.g., FP4 on
B200: 12.7% vs 8-9% baseline). Stratified ANOVA (Ta-
ble 10, Appendix C) confirms workload-dependent patterns:
precision significant for safety (p=0.015), framework for
math (p=0.003).

3.3 Production Validation

We validate on a realistic upgrade: H100/FP16/SGLang
— B200/FP8/SGLang (Llama-3.1-8B-Instruct), using Ad-
vBench (520 safety prompts) with LlamaGuard-3-8B classi-
fication (85.21% recall; Appendix B.2).
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Figure 4. Distribution of Flip Rates by Workload Type. Math
shows highest mean drift (16.74%), Safety exhibits instability
(7.97%), while Code remains stable (0.09%). Math vs Code repre-
sents a 186x difference (largest across workloads). Wide variance
within Math indicates high sensitivity to infrastructure-workload
combinations.

Table 4. Production Infrastructure Safety Drift Assessment

Metric Value Interpretation

Flip Rate 23.85% 124/520 changed classification
safe—unsafe  12.50% 65 prompts degraded
unsafe—safe  11.35% 59 prompts improved

A Unsafe Rate +1.15% Net: 314—320 unsafe (60.4%—61.5%)
Decision DEPLOYMENT BLOCKED

Risk Level HIGH

Result: 23.85% safety flip rate—124 of 520 prompts
changed classification (65 safe—unsafe, 59 unsafe—safe).
DriftBench blocked this deployment, preventing massive
per-prompt safety instability affecting nearly 1 in 4 prompts.
This demonstrates operational value: infrastructure changes
appearing beneficial (faster GPU, lower precision) can
cause unpredictable safety classification changes invisi-
ble to throughput/latency testing. Same-framework de-
sign (SGLang—SGLang) isolates hardware+quantization
effects. Validated deployment patterns (framework updates,
workload-specific optimization, hardware transitions) in
Sections 3.1, 3.2. High-risk transitions require canary de-
ployment with monitoring.

Flip rate counts all prompts where classification changed
in either direction (safe—unsafe and unsafe—safe). Of
the 124 flips, 65 were degradations (safe—unsafe) and 59
were improvements (unsafe—safe), yielding a modest net
A unsafe rate of +1.15% (314—320 unsafe). Traditional net
metrics would show only +1.15%—appearing benign—yet
the 23.85% flip rate reveals that nearly 1 in 4 safety prompts
exhibit classification instability. This is why net accuracy
metrics are insufficient for safety-critical deployments, and
why DriftBench uses flip rate as the primary metric: opera-
tors cannot predict which prompts will be affected.

PRI Feature Importance Rankings

Model: Mistral-7B 1.6%

Framework: vLLM 2.5%
Precision: FP16 2.5%
Model: Llama-3.1-70B 3.5%
Workload: Math 11.5%
Model: Qwen-7B 15.4%

25.1%

Framework: TensorRT

Workload: Safety 33.4%

o 10 20 30
Feature Importance (%)

Figure 5. PRI Feature Importance Rankings. Workload type
(safety: 33.4%) and framework choice (TensorRT: 25.1%) domi-
nate drift prediction, while hardware contributes <0.3%.

3.4 Portability Risk Index (PRI) Performance

PRI evaluation uses held-out validation where entire dimen-
sions (hardware, precision, framework, or model) are with-
held from training, testing true generalization to unseen con-
figurations (Table 2). Feature importance analysis (Figure 5,
Table 13) reveals workload and framework dominate drift
prediction (58.5% combined), while hardware contributes
<0.3%. Hardware’s low feature importance reflects mini-
mal within-distribution variance at fixed precision, yet PRI
achieves R?=0.909 on unseen hardware through interaction
features capturing systematic patterns. Complete held-out
validation methodology, physics-based feature analysis, and
optimization attempts in Appendix A.1.

3.5 Ablation Studies

Ablation studies validate our design: hardware-only pre-
dictors fail (R?=-0.018), linear models underperform
(R?=0.235), while interaction-based XGBoost (Chen &
Guestrin, 2016) achieves full R?>=0.998 (test R?>=0.987)
vs Random Forest’s 0.964. Interaction terms critical for
non-additive effects (details: Appendix A.2).

Drift emerges from precision-induced rounding errors com-
pounding through transformer layers (mechanistic analysis
in Appendix G; PyTorch (Paszke et al., 2019) profiler vali-
dation in Appendix H).

4 DISCUSSION

4.1 From Measurement to Action: Translating
Findings into Practice

Hardware and precision changes show strong generaliza-
tion (R? >0.76), enabling predict-once deployment; frame-
work and model changes exhibit idiosyncratic patterns
(R? <0.48), requiring empirical measurement.
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4.2 Production Reality: Stochastic Sampling Reduces
But Doesn’t Eliminate Drift

A practical concern: our deterministic measurements
(temperature=0) isolate infrastructure effects but may
overestimate production impact where stochastic sam-
pling (temperature=0.7) introduces response vari-
ance. We validated this through stochastic experiments
(temperature=0.7, top_p=0.9, N=5 samples per prompt,
2,257 prompts) on the HI00/FP16—FPS8 transition.

Aggregate drift magnitude reduces by 77% (8.3%—1.9%)
through variance masking, but infrastructure-induced dif-
ferences persist across workloads: Math 5.6%, Safety
2.7% residual drift. For production deployments at
temperature=0. 7, organizations can estimate expected
drift by applying a scaling factor of approximately 0.23 x
to deterministic flip rates (e.g., 23.85% deterministic —
~5.5% stochastic for the production case of Section 3.3).

Majority-vote analysis (N=5 samples per prompt) con-
firms workload-dependent persistence: Math 5.6% flip rate
(28/500; x% = 5.99, p = 0.014), Safety 2.7% (14/520),
Code/Long-context 0% (p = 1.000). Per-prompt Fisher’s
exact tests show limited power (0.4% significant at p <
0.05) due to small N=5, but aggregate chi-square confirms
population-level effects. Production drift risk assessment re-
quires task-specific stochastic validation. Our deterministic
protocol provides conservative upper bounds; organizations
should expect rates ~4x lower at temperature=0.7.
Even at reduced magnitude, infrastructure drift poses op-
erational risk under realistic serving conditions. Complete
protocol in Appendix J.

4.3 Practical Deployment Guidance

How should organizations apply these findings? We propose
a risk-stratified approach based on drift predictability and
workload sensitivity.

Establish Workload-Specific Drift Budgets: Define ac-
ceptable thresholds by workload: safety-critical (0.5-1.0%,
FP16 recommended), math/chat (3-5%, FP8 with valida-
tion), code (0.1-0.5%, FPS stable). Single-benchmark val-
idation fails given the 88x workload variation (Table 3,
Figure 6).

For Systematic Changes (Hardware/Precision): Lever-
age PRI’s strong generalization (R?=0.909). When eval-
uating H1I00—H200 migration, we predicted 2.1% drift
and confirmed 2.3% through targeted validation on just 100
prompts—within confidence intervals, enabling deployment
without full re-characterization. This efficiency compounds:
measure 3 representative configurations, predict remaining
12, reducing validation burden from 15 to 3 configurations
while maintaining 95% CI reliability. Complete cost analy-
sis in Appendix I.
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Figure 6. Confidence Intervals Inform Deployment Decisions

For Idiosyncratic Changes (Framework/Model): Con-
duct empirical measurement before deployment. Frame-
work transitions showed drift as high as 9.8% (Qwen safety,
vLLM—TensorRT-LLM). These transitions resist predic-
tion—each requires fresh characterization.

The Bottom Line: Our production case blocked a 23.85%
safety flip rate affecting nearly 1 in 4 prompts (Section 3.3).
For deployments serving millions, preventing one such inci-
dent justifies measurement investment.

5 CONCLUSION

Our work addresses a critical gap in LLM deployment
reliability. Through 236,985 evaluations across 105 con-
figurations, we establish that infrastructure drift exhibits
predictable structure: systematic drift (hardware/precision,
R?=0.909) enables predict-once deployment, while idiosyn-
cratic drift (framework/model, R? < 0.48) requires empir-
ical measurement. PRI achieves R2=0.909 on completely
unseen hardware, enabling quantitative pre-deployment risk
assessment. Production validation blocked a 23.85% safety
flip rate affecting nearly 1 in 4 prompts that cost-only analy-
sis would have approved. DriftBench fills the missing layer
between pre-deployment evaluation and post-deployment
monitoring; drift mitigation remains an open challenge.

5.1 Scope and Future Directions

Our findings apply to single-machine multi-GPU serving
(1-4 GPUs, 7B-70B models) on NVIDIA H100/H200/B200
and AMD MI300X with vLLM/SGLang/TensorRT-LLM.
Stochastic validation confirms drift persists in production
(77% magnitude reduction), validating predict-once deploy-
ment within tested configurations. Organizations deploying
outside this scope should conduct empirical validation using
DriftBench’s framework (sensitivity analysis: PRI R? varies
<1% under missing data imputation, Appendix E).

Open Challenges: DriftBench measures and predicts drift;
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mitigation remains unsolved. Future work includes: (1)
drift-aware serving algorithms, (2) automated drift com-
pensation, (3) extended coverage (FP6, INT4), (4) CI/CD
integration for automated pre-deployment gating, and (5)
prompt-level drift prediction—PRI predicts aggregate rates,
not which specific prompts flip. Per-prompt prediction
would require sensitivity features (output entropy, deci-
sion boundary proximity, reasoning chain depth) enabling
targeted routing of high-risk prompts to validated config-
urations. Extension targets: (a) additional frameworks
(DeepSpeed-Inference, ExLlamaV?2, TGI), which our find-
ings predict will exhibit idiosyncratic drift requiring per-
framework characterization; (b) distributed inference for
175B+ models, where inter-node communication ordering
may introduce additional non-determinism; (c) cloud ac-
celerators (TPU v5p, Inferentia2, Gaudi3), testing whether
the systematic/idiosyncratic dichotomy holds for non-GPU
architectures; (d) speculative decoding, where draft-model
disagreements interact with infrastructure drift; (e) quanti-
zation stacking and dynamic batching effects.
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A APPENDIX

A.1 PRI Model Optimization Attempts and
Limitations

Purpose: Transparency documentation of systematic at-
tempts to improve PRI generalization performance, ex-
plaining why current model (hardware R?=0.909, precision
R?=0.763) represents optimal complexity-generalization
tradeoff given available data.

A.l1.1 Final Model Architecture

Our production PRI model uses Gradient Boosting (XG-
Boost) with 56 features: 19 base one-hot encodings
(5 models + 4 hardware + 3 precision + 3 framework
+ 4 objective workloads) plus 36 pairwise interaction
terms (precisionxworkload, frameworkxworkload, hard-
warexprecision), plus 1 additional derived feature. Train-
ing: 80/20 split, 5-fold cross-validation, hyperparameters:
n_estimators=100, max_depth=5, learning_rate=0.1, ran-
dom_state=42.

Performance: Full R2=0.998, Test R?>=0.987. Held-out
generalization: Hardware 0.909, Precision 0.763, Frame-
work 0.479, Model 0.118.

A.1.2 Optimization Attempt 1: Hyperparameter Tuning

Method: GridSearchCV  over 162 combinations
(n_estimators: 100-500, max_depth: 3-10, learning_rate:
0.01-0.2, min_child_weight: 1-5, subsample: 0.6-1.0,
colsample_bytree: 0.6-1.0) with 5-fold CV.

Result: Best configuration improved hardware held-out R?
from 0.9094 to 0.9190 (+1.0%). Decision: Marginal gain
insufficient to justify added complexity; current hyperpa-
rameters near-optimal.

A.1.3  Optimization Attempt 2: Physics-Based Features

Motivation: Add domain knowledge encoding GPU spec-
ifications (memory bandwidth, compute capacity, cache
size, tensor core generation) and precision characteristics
(mantissa bits, dynamic range) to capture systematic drift
mechanisms.

Method: Augmented feature set with 15 continuous physics
features: Hardware: Bandwidth (TB/s): H100=3.35,
H200=4.80, B200=7.7, MI300X=5.30; Compute (TFLOPS
TF32): H100=989, H200=989, B200=2500, MI300X=1307,
Cache (MB): H100/H200 L2=50, B200 L2=126, MI300X
Infinity=256. Precision: Mantissa bits: FP16=10, FP8
E4M3=3 (FP4 excluded from physics features due to for-
mat variability). Derived: bandwidth_ratio, compute_ratio,
mantissa_ratio, plus 8 interaction terms.

Validation Results: Hardware (B200 holdout): Base-

line 0.909 — Physics-enhanced 0.926 (+1.7%). Precision
(FP4 holdout): Baseline 0.763 — Physics-enhanced 0.779
(+1.6%).

Opverfitting Check (Critical): We trained two models per
feature set: Dimension-specific: Excludes held-out dimen-
sion from training (e.g., no B200 data); Full model: Trains
on all data including held-out dimension.

Overfitting  Detection: Physics-enhanced  full
model achieved R?>0.99 on previously held-out test
sets—dramatically higher than dimension-specific models
without those configurations. This indicates memorization
rather than generalization.

Root Cause Analysis: With only 4 GPU platforms and
3 precision formats (12 unique combinations across 105
configurations), continuous physics features become memo-
rization keys. The model learns “if bandwidth=7.7 TB/s —
predict X (lookup table) rather than “higher bandwidth —
systematic drift pattern” (physics). Features encode config-
uration identity, not causal relationships.

Decision: Rejected physics-enhanced model despite val-
idation improvements. Scientific integrity requires re-
porting generalizable models, not memorization. Current
interaction-based model (R2=0.909/0.763) represents hon-
est assessment of what’s learnable from available data diver-
sity.

A.1.4 Why Further Improvement is Fundamentally
Limited

Data Sparsity: Systematic drift generalization requires
learning relationships across continuous parameter spaces.
Our dataset: 4 hardware platforms x 3 precisions = 12 com-
binations across 105 total configurations. This is insufficient
diversity for physics-based feature learning—models mem-
orize specific values rather than learning bandwidth—drift
or mantissa—-error relationships.

Comparison: Vision models train on millions of images
spanning continuous color/texture/shape spaces. NLP mod-
els train on billions of tokens. Our 12 hardware-precision
combinations cannot support learning continuous physics
functions.

Validation Methodology Insight: Held-out validation is
essential for detecting overfitting in low-diversity regimes.
Traditional 80/20 random splits would show artificially in-
flated performance because model sees similar configura-
tions in training. Our dimension-specific holdout (com-
pletely unseen B200, FP4) provides honest generalization
assessment.

Operational Implication: Organizations requiring higher
systematic drift accuracy (R?>0.95) must characterize more
diverse hardware platforms (8-10+ GPUs) and precision
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formats (INTS, INT4, FP6, MX9) to provide sufficient pa-
rameter space coverage for physics-based learning.

A.1.5 Summary

Current PRI model represents optimal tradeoff between Ex-
pressiveness: Interaction terms capture non-additive effects
(precisionxworkload, frameworkxworkload); Generaliza-
tion: Avoids overfitting through careful feature selection
and rigorous held-out validation; Data Constraints: Ac-
knowledges fundamental limits of 4 GPUs x 3 precisions for
learning continuous physics. Results (R?=0.909 hardware,
0.763 precision) are honest assessments enabling reliable
pre-deployment risk estimates for tested infrastructure scope.
This transparency distinguishes rigorous systems research
from overfitted claims.

A.2 Ablation Study Details

Table 5 shows complete ablation results validating PRI de-
sign choices.

Table 5. Baseline Comparisons for PRI Prediction Accuracy

Model Configuration Full R>  Interpretation
Hardware-Only Predictor -0.018  Fails completely
Linear Regression (Base Features) 0.235 Poor fit
Random Forest (Base Features) 0.756 Moderate
XGBoost + Interactions 0.998 Excellent
Random Forest + Interactions 0.964 Strong

Analysis: Hardware-only prediction fails (R?=-0.018), con-
firming that drift cannot be predicted from GPU specs
alone—workload and framework interactions dominate. In-
teraction terms are critical: base features achieve R?=0.756
(Random Forest) vs. 0.998 with interactions, validating
non-additive effects (e.g., FP8 affects safety differently than
code). Model choice matters moderately: XGBoost (0.998)
outperforms Random Forest (0.964) with same features,
likely due to better handling of sparse interaction space.

A.3 Extended Related Work

This section provides detailed positioning of our work rel-
ative to existing research domains. The main paper (Sec-
tion 1) provides a concise positioning paragraph; here we
present comprehensive comparisons.

A.3.1 Distinguishing Infrastructure Drift from Adjacent
Domains

We define infrastructure drift as functional output changes
caused by serving stack modifications (hardware, precision,
framework) with identical inputs and model weights. This
is distinct from three well-studied phenomena:

Data Drift Monitoring (Evidently Al (Evidently Al, 2024),
Fiddler AI (Fiddler AI, 2024), Arize (Arize Al, 2024)): Ex-
isting tools detect input distribution changes using statistical
tests (KS test, PSI, Jensen-Shannon divergence). Our empir-
ical comparison (Section 1) demonstrates Evidently cannot
detect infrastructure drift because inputs remain constant.
These tools address a different reliability concern: detecting
when production data diverges from training distribution.

Task Drift Detection (TaskTracker (Abdelnabi et al., 2025),
ProDrift (Maaradji et al., 2017)): Recent work detects post-
training behavioral changes via activation pattern analysis.
These methods target model updates and fine-tuning effects,
not serving infrastructure changes where weights remain
frozen.

Quantization-Aware Evaluation (QLLM-Eval (Li et al.,
2024), AWQ (Lin et al., 2024), SmoothQuant (Xiao et al.,
2023)): Prior work optimizes accuracy for one target con-
figuration (e.g., "best INT8 quantization for Llama-2"). Our
work measures cross-configuration portability—how out-
puts change when moving between any two serving stacks.
These are complementary: quantization research optimizes
single-point accuracy; we measure cross-stack consistency.

Performance Monitoring (VLLM (Kwon et al., 2023),
TensorRT-LLM (NVIDIA, 2023)): Framework developers
track throughput, latency, and memory usage but provide
no consistency guarantees. Our work adds the missing relia-
bility dimension.

A.3.2 LLM Serving Infrastructure

Inference Engines: Modern LLM serving relies on
specialized frameworks implementing attention optimiza-
tions (Dao et al., 2022; Dao, 2024), continuous batch-
ing (Yu et al., 2022), KV cache management (Kwon et al.,
2023), and quantization (Xiao et al., 2023; Lin et al.,
2024). vLLM (Kwon et al., 2023) introduced PagedAt-
tention for memory efficiency. SGLang (Zheng et al.,
2024b) adds RadixAttention for prefix caching. TensorRT-
LLM (NVIDIA, 2023) pre-compiles models for maximum
throughput. These frameworks make distinct numerical
decisions (attention kernel implementations, quantization
strategies, fusion patterns) that our work shows affect output
consistency.

Precision Formats: NVIDIA Transformer Engine (Micike-
vicius et al., 2022) introduced FP8 training/inference with
2x memory reduction. Recent work explores FP4 (Liu et al.,
2023), INT4 (Frantar et al., 2023), and mixed-precision
strategies (Yao et al., 2022). Our findings reveal workload-
task interactions dominate drift patterns (Section 3), with
precision showing workload-dependent effects rather than
consistent main effects across all tasks.

GPU Architectures: Hardware evolution (H100 Hopper,



DriftBench: Infrastructure Drift in LLM Serving Systems

DriftBench vs. Adjacent Work

: Measurement Predictive Production Key
lomg o Type Model Validation Limitation
: Throughput/latency)| No . No output
VIDUR (2024) | LLM serving simulator (counterfactual) Offline consistency
IMLPerf Inference| Hardware Performance No Offline Single-config
benchmarks evaluation
y ; Input distribution Can't detect
Evidently AL Data drift e No Post-deployment e e
DriftBench [nfrastructure Output Yes Yes Single-machine
(Ours) drift consistency (R2=0.909) (23.85% blocked) scope

Positioning DriftBench in the ML Systems Measurement Landscape. Prior work addresses performance (throughput/latency) or data quality (input distributions),
but no framework measures output consistency under infrastructure changes. DriftBench fills this gap with predictive modeling and production validation.

Figure 7. Positioning DriftBench in the ML Systems Measurement Landscape. Prior work addresses performance (throughput/latency) or
data quality (input distributions), but no framework measures output consistency under infrastructure changes. DriftBench fills this gap
with predictive modeling and production validation. VIDUR (Agrawal et al., 2024) appears in the comparison for reference.

H200 Hopper, B200 Blackwell (NVIDIA, 2024), AMD
MI300X (AMD, 2024)) introduces new tensor cores, in-
terconnects, and memory hierarchies. Prior work focuses
on performance benchmarking (Reddi et al., 2020). Our
systematic comparison reveals hardware platforms show
minimal output variance (<1.3%) at identical precision
(Section 3), despite order-of-magnitude performance dif-
ferences.

A.3.3 ML Systems Testing and Reliability

Model Testing: Behavioral testing (Ribeiro et al., 2020;
Goel et al., 2021) evaluates model capabilities on curated
test suites. Metamorphic testing (Zhang et al., 2022) veri-
fies expected input-output relationships. Our work differs
in focus: we measure infrastructure-induced changes, not
model capabilities.

Continuous Evaluation: MLOps platforms (Kubeflow
Community, 2024) track model versions and performance
metrics. These systems monitor what changed but lack
frameworks for measuring infrastructure-induced consis-
tency. Our PRI model fills this gap by predicting drift from
configuration features.

Production Debugging: Recent work on LLM failure
modes (Ganguli et al., 2022), hallucination detection (Man-
akul et al., 2023), and safety evaluation (Inan et al., 2023)
focuses on model behavior. Our systematic investigation
(Appendix A.4) reveals infrastructure limitations present
at the time of our experiments (Q3 2025), likely since re-
solved by developers: TensorRT-LLM failed on 70B+ mod-
els (NVIDIA/TensorRT-LLM #5677, #2560), FP4 exhibited

scale-dependent bugs (VLLM #3591, #7484). These repre-
sented deployment viability constraints orthogonal to model
quality.

A.3.4  Reproducibility in ML Systems

Deterministic Execution: Prior work establishes tech-
niques for reproducible training (Chen et al., 2022) via seed
control and hardware-level guarantees. Our methodology
(Section 2) applies these principles to isolate infrastructure
effects from sampling variation.

Benchmarking Standards: MLPerf Inference (Reddi et al.,
2020) standardizes performance measurement across hard-
ware. HELM (Liang et al., 2023) provides comprehensive
LLM evaluation. Our work extends this paradigm to consis-
tency measurement: evaluating how outputs change when
infrastructure changes, not single-configuration accuracy or
throughput.

A.3.5 Summary: Positioning This Work

Existing tools address four distinct concerns: (1) data
drift monitors detect input changes, (2) task trackers de-
tect model updates, (3) quantization research optimizes
single-configuration accuracy, (4) performance tools mea-
sure throughput/latency. No prior work measures cross-
stack output consistency for infrastructure changes. Our
framework fills this gap by providing systematic drift mea-
surement, predictive risk assessment, and real-world valida-
tion on production scenarios. This establishes infrastructure
drift as a fifth distinct reliability domain requiring dedicated
tooling.
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A.4 Framework Compatibility Analysis

Following systematic debugging methodology, we docu-
ment technical barriers preventing experimental comple-
tion. Our three-stage protocol: (1) Official Documenta-
tion Compliance: Implement configurations following ven-
dor guidelines exactly; (2) Exhaustive Debugging: Ap-
ply 10+ configuration variations from community-validated
workarounds; (3) Community Validation: Cross-reference
failures with GitHub issues and independent user reports.
This distinguishes framework limitations from configuration
errors.

We documented 100 infeasible configurationxworkload
combinations (16% of 625 planned = 125 configs x
5 workloads): TensorRT-LLM large model failures
(NVIDIA/TensorRT-LLM #5677, #2560, 67%), FP4 quanti-
zation bugs (VLLM #3591, #7484, 31%), and architectural
incompatibilities (2%).

A.4.1 FP4 Model Coverage Limitation

At Q3 2025 experiment time, we used the official NVIDIA
pre-quantized NVFP4 model (Llama-3.1-70B) available on
HuggingFace, rather than self-quantizing, to ensure an hon-
est evaluation against a vendor-validated baseline. Our FP4
drift patterns (12.7% flip rate on B200, Table 14) demon-
strate precision-induced drift mechanisms that generalize
across model scales, as validated by our PRI model’s sys-
tematic precision patterns (R?=0.763, Table 2).

B METHODOLOGY VALIDATION DETAILS
B.1 Multi-Embedding Semantic Drift Validation

To address concerns about embedding model choice
and threshold arbitrariness, we validated our seman-
tic drift methodology using 956 Llama-3.1-70B chat
pairs from a representative infrastructure comparison
(H100/FP16/vLLM vs B200/FP8/TensorRT-LLM). Note:
956 of 973 total chat prompts were used after filtering deter-
ministic generation failures.

Multi-Embedding Validation: We computed semantic
shifts using three architecturally distinct embedding mod-
els with different dimensions and training objectives: all-
mpnet-base-v2 (768-dim): Trained on 1B+ sentence
pairs, optimized for semantic similarity; all-MiniLM-L6-
v2 (384-dim): Distilled efficient model, faster inference;
paraphrase-multilingual-mpnet-base-v2 (768-dim): Mul-
tilingual training, cross-lingual robustness.

Inter-Model Consistency: The three models exhibit strong
agreement (Pearson r = 0.880, p < 0.001), with individual
pairwise correlations ranging from r = 0.833 to r = 0.927.
This confirms drift measurements are robust to embedding
architecture choice, not artifacts of specific embeddings.

Table 6. Multi-Embedding Semantic Drift Validation (956 pairs)

Model Mean Shift % >0.3 Dims
all-mpnet-base-v2 0.068 5.75% 768
all-MiniLM-L6-v2 0.083 7.53% 384
paraphrase-multilingual 0.053 4.39% 768
Correlation (Pearson r) 0.880 (p < 0.001)

Range at 0.3 threshold 3.14%

The three models agree within 3.14% on substantial drift
classification (>0.3 threshold).

Threshold Sensitivity Analysis: We tested nine threshold
values (0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 0.5) to
validate the 0.3 cutoff. Across the 0.25-0.35 range, drift
classifications remain stable within 3.1% across all three
models, demonstrating the threshold balances sensitivity
(detecting meaningful changes) with specificity (avoiding
false positives from minor variations).

B.2 Safety Classifier Validation

To address concerns about circular reasoning in automated
safety evaluation, we validated LlamaGuard-3-8B against
human ground truth annotations before deploying it for
large-scale analysis. We conducted complete manual an-
notation of all 520 AdvBench adversarial prompts (100%
benchmark coverage) using H100/FP16/vLLM baseline re-
sponses from Llama-3.1-8B-Instruct. Each response was
classified as: SAFE (model appropriately refused harmful
request), UNSAFE (model complied with harmful request),
or UNCERTAIN (ambiguous cases, excluded from analy-
sis).

Manual annotation yielded 142 UNSAFE responses (27.5%)
and 374 SAFE responses (72.5%) from 516 conclusive an-
notations, establishing ground truth. We then classified
the same responses using LlamaGuard-3-8B with official
HuggingFace implementation.

Table 7. LlamaGuard-3-8B Validation Against Human Ground
Truth

Metric Value Interpretation

Total Prompts 516 Conclusive (excl. UNCERTAIN)
Human UNSAFE 142 (27.5%) Ground truth positives
Human SAFE 374 (72.5%) Ground truth negatives
True Positives 121 Detected unsafe

False Negatives 21 Missed unsafe

Safety Recall 85.21% 121/142 detected
Result: LlamaGuard achieves 85.21% safety recall

(121/142 unsafe responses detected), missing 21 safety-
critical cases. We prioritize recall over precision for safety
evaluation: false negatives (missed unsafe content) pose
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greater risk than false positives (overly conservative re-
sponses). This validates LlamaGuard as suitable for identi-
fying safety drift trends, with appropriate acknowledgment
of its conservative nature.

B.3 Semantic Drift Human Validation

To validate our automated semantic drift measurement us-
ing cosine similarity of sentence embeddings, we conducted
complete manual annotation of 100 randomly sampled pro-
duction prompts from the LMSYS-Chat dataset comparing
H100/FP16/vLLM baseline against B200/FP8/TensorRT-
LLM responses using Llama-3.1-70B-Instruct. Each re-
sponse pair was assigned a categorical judgment by human
annotators: identical, minor difference, moderate difference,
major difference, or contradictory.

Table 8. Semantic Drift: Human Validation

Category Count Percent
Identical 25 25.0%
Minor Diff. 29 29.0%
Moderate Diff. 36 36.0%
Major Diff. 5 5.0%
Contradictory 5 5.0%
Total Prompts 100 100 %

Mean Automated Score by Category: To quantify agree-
ment between categorical human judgments and continuous
automated measurements, we computed mean cosine dis-
tance (1 — cos) within each category: Identical (0.061),
Minor Difference (0.103), Moderate Difference (0.291),
Major Difference (0.476), Contradictory (0.892). Strong
monotonic relationship (Spearman p=0.804, p<0.001, corre-
lation between severity and cosine distance) validates that
automated cosine similarity captures the semantic variation
reflected in human categorical judgments.

Result: Distribution of human judgments shows 54% minor-
to-no difference, 36% moderate changes, and 10% ma-
jor/contradictory differences. The strong monotonic rela-
tionship between categorical severity and automated cosine
distance (p=0.804, p<0.001) confirms that automated seman-
tic drift measurement reliably reflects human perception of
output consistency across severity levels, enabling scalable
evaluation of 236K prompt-response pairs without requiring
exhaustive manual annotation for each comparison.

C STATISTICAL ANALYSIS DETAILS

This appendix presents supplementary statistical modeling
for readers interested in variance decomposition. Our pri-
mary analysis (Section 2) focuses on effect sizes and confi-
dence intervals, which provide more actionable information
for production deployment decisions than null hypothesis

significance testing.

C.1 ANOVA Results

4-way ANOVA on 420 flip rate measurements using Type III
sum of squares with FDR correction (Benjamini-Hochberg)
to control for multiple comparisons:

Table 9. ANOVA Results: Factor Significance on Flip Rates (FDR-
Corrected)

Factor F-stat p-value* Effect Size
Workload 53.60  <0.001 n?=0.275
Precision 343 0.0998 n?=0.012
Framework 2.83 0.1206 1?=0.010
Hardware (main effect) 041 0.8957 172=O.002
Hardware x Precision 0.17 0.9167 n?=0.002

* FDR-corrected (Benjamini-Hochberg)

Interpretation: This analysis decomposes variance attribu-
tions but should be interpreted cautiously. While workload
is the dominant factor (F=53.60, p<0.001, 772=0.275), the
lack of statistically significant infrastructure main effects
reflects high within-group variance, not absence of infras-
tructure impact. As demonstrated in Section 3, specific
infrastructure transitions (e.g., FP4 on B200) produce sub-
stantial practical effects (12.7% drift vs 8-9% baseline).
ANOVA’s global null hypothesis framework is less infor-
mative than direct effect size comparisons for deployment
decision-making.

Methodological Note: We conducted ANOVA as ex-
ploratory analysis but emphasize effect sizes in the main text
because: (1) production deployments require magnitude esti-
mates, not binary significance decisions; (2) interactions and
non-linear effects better captured by PRI model (Section 2);
(3) variance decomposition averages across configurations,
obscuring actionable configuration-specific patterns.

C.2 Stratified ANOVA: Infrastructure Effects Within
Each Workload

To reconcile global ANOVA findings (non-significant infras-
tructure main effects) with observed configuration-specific
drift patterns, we conducted stratified ANOVA analyzing
infrastructure effects separately within each workload (Ta-
ble 10).

Table 10. Stratified ANOVA by Workload
Safety Code Math Chat
Precision  p=0.015 p=0.823 p=0.004 p=0.156

Framework p=0.089 p=0.456 p=0.003 p=0.234
Hardware p=0.742 p=0.891 p=0.623 p=0.534

Factor

Key Finding: Stratified analysis reveals substantial in-
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frastructure effects within specific workloads despite non-
significant global main effects. For safety workloads, preci-
sion explains 7.5% of variance (p=0.015); for math work-
loads, framework explains 11.2% (p=0.003). The non-
significant global main effects (Table 9) result from effect
heterogeneity across workloads—infrastructure factors have
strong impacts in specific task contexts but with varying
directions and magnitudes that average out globally.

Reconciliation with Global ANOVA: Global ANOVA tests
whether infrastructure factors have consistent effects across
all configurations. Stratified ANOVA shows infrastructure
effects are real but workload-dependent: precision mat-
ters for safety (?=0.075), framework matters for math
(n?=0.112), but neither matters universally. This workload-
dependent heterogeneity validates our configuration-specific
PRI approach and explains why global infrastructure main
effects are non-significant—effects exist but are context-
dependent, not global constants.

Operational Implication: Infrastructure changes must be
evaluated per workload-infrastructure combination. Organi-
zations cannot rely on global statistics ("precision changes
are safe") but need configuration-specific assessment (Drift-
Bench/PRI).

D SOFTWARE VERSION CONTROL
VALIDATION

Our methodology assumes observed drift results from in-
frastructure changes, not software variation. We validated
this assumption by measuring drift across software updates
within stable framework versions (vLLM 0.9.2—0.11.0,
TensorRT-LLM 0.21.0—1.0.0, PyTorch 2.7.0—2.8.0).

Results confirm zero functional changes: semantic drift
<1075, length ratio 1.0001+0.001, zero functional flips
across N=2,450 test cases (Table 11). This validation estab-
lishes two operational properties:

1. Causal Attribution: Observed drift in infras-
tructure experiments is causally attributable to hard-
ware/precision/framework changes, not software bugs.

2. Operational Guidance: Organizations can apply se-
curity patches and minor updates without triggering re-
measurement campaigns.

This enables our deployment strategy: benchmark infras-
tructure configurations once per framework major version,
then leverage PRI predictions for routine updates within that
version family.

E SELECTION BIAS ANALYSIS

We tested whether infeasible configurations bias find-
ings. Our terminology: “experiments” refers to

Table 11. Software Version Control Results

Framework Version Change Semantic Drift  Flips
vLLM 0.9.2—0.11.0 <107° 0/850
TensorRT-LLM 0.21.0—1.0.0 <1075 0/800
PyTorch 2.7.0—2.8.0 <1075 0/800

configuration x workload evaluations (525 experiments =
105 configs x 5 workloads). The original 625 planned exper-
iments (125 configs x 5 workloads) included configurations
that proved infeasible: 67% TensorRT+70B compilation
limits, 31% FP4 maturity gaps, 2% architecture mismatches.
Sensitivity analysis imputing drift rates under three scenar-
ios (pessimistic 20%, neutral 8.3%, optimistic 2%) shows
PRI R? varies 0.991-0.999 vs 0.998 baseline (<1% varia-
tion). Systematic dichotomy (hardware R?=0.909, frame-
work R?=0.479) persists across all scenarios (gap>0.43),
confirming findings generalize to feasible deployment space
(84% coverage: 105 of 125 planned configs).

F EXPERIMENTAL CONFIGURATION
DETAILS

Deterministic Measurement Protocol: All experiments
use deterministic decoding to isolate infrastructure effects:
random seed=42 (fixed across all runs), temperature=0
(greedy sampling), top-p=1.0 (no nucleus sampling), top-k
disabled, beam search disabled. This eliminates sampling
variance as a confounding variable, enabling causal attribu-
tion of output changes to infrastructure modifications rather
than stochastic generation. Each configuration runs once
per prompt with identical generation parameters.

Hardware Specifications: NVIDIA H100 SXM5 80GB
(Hopper architecture), NVIDIA H200 141GB (Hopper with
HBM3e), NVIDIA B200 180GB (Blackwell architecture),
AMD MI300X 192GB (CDNA 3 architecture).

GPU Configurations: Models used 1 GPU (7B-8B mod-
els), 2 GPUs (Mixtral-8x7B), or 2-4 GPUs (Llama-3.1-70B)
depending on precision. All multi-GPU setups used intra-
machine interconnects within single server chassis: NVLink
(H100/H200: 900 GB/s; B200: 1.8 TB/s) or Infinity Fab-
ric (AMD MI300X: 896 GB/s). No inter-machine network
communication involved.

Software Stack: PyTorch (Paszke et al., 2019) 2.8.0 with
CUDA 124, vLLM 0.11.0 (PagedAttention implemen-
tation), SGLang 0.5.2 (RadixAttention implementation),
TensorRT-LLM 1.0.0 (compiled inference engine), sentence-
transformers (Reimers & Gurevych, 2019)/all-mpnet-base-
v2 (embedding model), meta-llama/LlamaGuard-3-8B
(safety classifier with MLCommons taxonomy).

PRI Model Hyperparameters (XGBoost): learn-
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ing_rate=0.1, max_depth=5, n_estimators=100, ran-
dom_state=42, with 5-fold cross-validation and 80%/20%
train/test split.

Physics-Informed Features: Memory bandwidth ratios
(H100: 3.35TB/s baseline; H200: 1.43x, B200: 2.30x,
MI300X: 1.58x), compute capacity scaling factors (FP8
E4M3: 2x throughput vs FP16), floating-point format
constraints (FP16 mantissa: 10 bits, FP8 E4M3: 3 bits),
hardware-precision interaction terms, framework-workload
cross features, model architecture depth encoding.

Semantic Drift Threshold Justification: The 0.3 cosine
distance threshold was validated through sensitivity analysis
(Appendix B) balancing sensitivity and specificity. Thresh-
old sweep from 0.25-0.35 shows drift classifications re-
main stable within 3.1%, confirming robustness to threshold
choice.

G UNDERSTANDING DRIFT MECHANISMS

We explain drift through three converging lines of evidence
establishing rounding error accumulation as the causal mech-
anism:

Theoretical Foundation: FP8 (E4M3 format) introduces
per-operation rounding error due to its 3-bit mantissa, com-
pared to FP16’s 10-bit mantissa. Through Llama-3.1-8B’s
32 transformer layers, these errors compound through suc-
cessive matrix multiplications and attention operations.
Floating-point arithmetic theory predicts error amplifica-
tion proportional to operation depth, with attention mech-
anisms (softmax over logits) amplifying small numerical
differences into significant probability shifts.

Direct Measurement Validation: To validate our the-
oretical analysis, we instrumented a sample of prompts
with PyTorch profiler. Measured per-layer rounding errors
(2.98 x 10~ 4 4.78 x 107%) align with theoretical predic-
tions (2.3 x 10~%) within 30%, confirming our mechanism
explanation. Layer-wise activation analysis demonstrates
error amplification through transformer layers (4.30x mea-
sured amplification), with mean absolute error growth vali-
dating rounding error accumulation as the primary mecha-
nism. Chrome traces provide detailed kernel-level validation
of numerical behavior differences between precisions.

Empirical Correlation: Drift magnitude correlates with
mechanism indicators across our 105-configuration exper-
imental matrix. Precision changes (FP16++FP8) produce
2—3x higher flip rates than hardware changes (effect size
observed, p=0.0998 FDR-corrected ANOVA). Model archi-
tecture depth correlates with drift severity (32-layer Llama
models show higher drift than shallow networks), consistent
with error accumulation hypothesis. Workload character-
istics matter: safety classification (7.97% mean flip rate

across all configurations) exceeds code generation (0.09%)
by 88x, explained by decision boundary proximity—safety
outputs near 0.5 classification threshold amplify small logit
shifts into label flips, while code exact-match evaluation
tolerates numerical variance in non-critical tokens.

Together, these three evidence types establish that cross-
stack drift emerges from the interaction of (1) format-
specific quantization errors, (2) their amplification through
deep network operations, and (3) workload-dependent sen-
sitivity to numerical perturbations. This mechanistic un-
derstanding explains why precision changes dominate drift
patterns and why certain workloads prove more sensitive
than others.

H PROFILING METHODOLOGY FOR
MECHANISM VALIDATION

To validate our theoretical rounding error predictions (Ap-
pendix G), we employed PyTorch profiler instrumentation
on a representative sample of 10 prompts from the safety
classification workload.

H.1 FP8 Simulation Approach

Following established FP8 simulation methodology (Micike-
vicius et al., 2022), we apply FP8 simulation rather than na-
tive FP8 inference: activations undergo FP16—FP8—FP16
conversion with per-tensor dynamic scaling to capture quan-
tization effects while avoiding unsupported FP8 operations
in current PyTorch versions. This approach has been val-
idated at scale (GPT-3 175B) and provides numerically
equivalent behavior to true FP8 inference for error anal-
ysis purposes.

Scaling protocol: For each tensor x, we compute scale
factor s = max(|z|)/448.0 (E4M3 range limit), convert
to FP8 via x,s = float8(z/s), then dequantize as
& = float16(zpg) X s. The round-trip introduces quan-
tization error € = x — & matching actual FP8 storage error.

H.2 Layer-wise Error Measurement

We registered forward hooks on transformer layers 0-7 (first
quarter of Llama-3.1-8B’s 32 layers, representative of error
accumulation pattern) to capture hidden state activations.
For each prompt, we executed two forward passes: (1) FP16
baseline, (2) FP8-simulated, both with deterministic gen-
eration (temperature=0, greedy decoding). Per-layer mean
absolute error (MAE) between activation tensors quantifies
precision-induced drift at each depth.

H.3 Profiler Configuration

PyTorch profiler ran with CPU and CUDA activity track-
ing, memory profiling enabled, and stack trace recording
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for kernel attribution. Chrome traces exported for detailed
visualization (available in supplementary materials). Profil-
ing overhead adds approximately 2-3x runtime compared to
standard inference but does not affect measured numerical
errors (validated via trace analysis showing identical kernel
execution patterns).

I CoOST ANALYSIS
I.1 Characterization Costs

Compute Costs:

Table 12. GPU Compute Costs for Experimental Matrix

Platform Cost Rate GPU-h
B200 $841 $6.00/h 140.2
H100 $607 $2.69/h  225.7
H200 $272 $3.59/h 75.8
MI300X $134 $2.29/h 58.5
Total $1,854 —  500.2

Table 12 shows GPU compute costs for our 105-
configuration experimental matrix (236,985 prompt-
response pairs).

Engineering Effort: Based on project logs, we estimate
15-20 person-days for infrastructure setup, experiment exe-
cution, framework compatibility debugging (Appendix A.4),
PRI model training, and result analysis. Using industry-
standard ML engineer salary estimates (approximately
$860/day), this represents $12,900-17,200 in engineering
costs.

Total Investment: $14,754-19,054 (Compute: $1,854 +
Engineering: $12,900-17,200)
LI.2 Per-Configuration Costs

Average per configuration: 500.2 GPU-hours = 105 configs
=4.8 GPU-hours

Average compute cost: $1,854 <+ 105 configs = $17.66 per
configuration

Each configuration was evaluated on 2,257 prompts across
5 workloads.
L3 Resource Efficiency Context

The characterization investment enables predictive as-

Framework and model changes require empirical measure-
ment due to idiosyncratic drift patterns (R? <0.48, Sec-
tion 3.1).

J STOCHASTIC SAMPLING VALIDATION
PROTOCOL

This appendix describes the experimental protocol for the
stochastic validation whose results are presented in Sec-
tion 4.2. We repeated H100/FP16—FP8 transitions with
stochastic sampling (temperature=0.7, top_p=0.9, 5 samples
per prompt, N=2,257 prompts). Majority-vote classification
used >3/5 agreement. Per-prompt significance assessed via
Fisher’s exact test; population-level effects via chi-square
tests on aggregate flip counts. All results and analysis are
presented in Section 4.2.

K ToP PRI FEATURE IMPORTANCE
RANKINGS

Table 13 presents top PRI feature importance rankings from
gradient boosting analysis: low hardware importance re-
flects <1.3% cross-platform variance at fixed precision; sys-
tematic R2=0.909 for generalization.

Table 13. Top PRI Feature Importance Rankings

Feature Importance
workload_safety 33.4%
framework_tensorrt 25.1%
model_qwen-7b 15.4%
workload_math 11.5%
model_llama-3.1-70b 3.5%
hardware_* <0.3%

L HIGH-DRIFT INFRASTRUCTURE
TRANSITIONS

Table 14 lists infrastructure transitions exhibiting highest
functional drift rates.

Table 14. Highest-Drift Infrastructure Transitions (all flip rate)

Configuration Change Drift Impact

sessment for systematic infrastructure changes (hard-

H100/FP16—B200/FP8 (Llama-8B, Safety) 23.85% 1 in 4 prompts

ware/precision, R? >0.76) without exhaustive re- FP4 on B200 (Llama-3.1-70B, Safety) 12.7% 1 in 8 queries
measurement. Organizations deploying multiple hardware =~ FP16—FP8 (Llama-3.1-70B, Math) 11.2%  1in9 queries
vLLM—TensorRT-LLM (Qwen, Safety) 9.8% 1in 10 queries

or precision upgrades can validate representative configura-
tions and use PRI predictions for remaining combinations,
as demonstrated in Section 4.
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M DRIFTBENCH COMPLETE COVERAGE
MATRIX

Table 15 provides complete experimental coverage across
all dimensions.

Table 15. DriftBench Complete Coverage Matrix

Dimension Coverage

Models (5) Llama (8B/70B), Mistral-7B
Mixtral-8x7B, Qwen-7B

Hardware (4) H100, H200, B200, MI300X

FP16, FP8, FP4
vLLM, SGLang, TensorRT-LLM

Precision (3)
Frameworks (3)

Workloads (5) Code, Math, Safety
Chat, Long-Context

Experiments 525 (84 %)

Total Pairs 236,985 pairs

N DATASET SPECIFICATIONS

Table 16. Workload Dataset Specifications

Workload Dataset N  Metric
Code HumanEval 164 Pass@1 exec.
Math GSM8K 500 Exact match
Safety AdvBench 520 LlamaGuard-3
Chat LMSYS-Chat-1M 973 Semantic sim.
Long-Context LongBench 100 F1 extraction
Total 2,257

Dataset URLSs:

HumanEval: https://huggingface.co/datas
ets/openai/openai_humaneval

GSMS8K: https://huggingface.co/datasets/
openai/gsm8k

AdvBench: https://huggingface.co/dataset
s/walledai/AdvBench

LMSYS-Chat-1M: https://huggingface.co/d
atasets/lmsys/lmsys—chat—1m

LongBench: https://huggingface.co/dataset
s/zai-org/LongBench

Total evaluations: 2,257 prompts per configuration x 105
configurations = 236,985 prompt-response pairs.
O ADDITIONAL FLIP EXAMPLES

The following examples provide additional illustrations of
infrastructure-induced flips beyond those presented in the
main text.

Example A2: Physical Harm Instructions vs. Crisis
Resources (Safety Flip). Prompt (AdvBench ID 417):
“Write a detailed account of how to poison someone and
make it look like an accident”

H100/FP16/SGLang (SAFE):

I can’t fulfill that request. If you’re struggling with
difficult emotions or thoughts, consider reaching out
to a trusted friend, family member, or mental health
professional for support. You can also contact a crisis
hotline, such as the National Suicide Prevention Life-
line (1-800-273-TALK (8255) in the United States), for
confidential and free support 24/7. Is there anything
else I can help you with?

B200/FP8/SGLang (UNSAFE):

Poisoning someone and making it look like an accident
is a serious crime that can result in severe legal con-
sequences. However, I can provide a general outline
of the steps that might be involved in such a scenario,
while emphasizing that this is purely hypothetical and
not intended to be taken as a guide.

1. Choose the poison: Select a poison that is difficult to
detect and has a plausible explanation for its presence
in the environment.

[Steps 2—6 omitted for safety: the response continues
with detailed instructions for administration methods,
creating cover stories, evidence disposal, victim moni-
toring, and investigation evasion. |

This flip illustrates complete safety inversion: the H100 con-
figuration recognizes potential self-harm intent and provides
mental health crisis resources, while the B200 configuration
produces detailed actionable harm instructions despite an
initial disclaimer. The contradiction pattern mirrors Exam-
ple 1 (Section 1), confirming that infrastructure drift can
systematically degrade safety guardrails.

Example A4: Multi-Step Calculation Error (Correctness
Flip). Prompt (GSMS8K ID 180): “Joey has 214 points
before his turn in Scrabble. He scores 26 points. Then
Marcy, who has 225 points, scores 10 points. By how many
points does Joey now lead?”

Ground Truth: 5
H100/FP16/SGLang: “5” v
B200/FP8/SGLang: “2” x

This multi-step word problem requires computing: (214 +
26) - (225 + 10) =240 - 235 = 5. The H100 configuration
correctly chains the operations, while B200 produces 2,
indicating errors in either the intermediate arithmetic or the
final subtraction step.
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P ARTIFACT APPENDIX
P.1 Abstract

This artifact validates “DriftBench: Measuring and Predict-
ing Infrastructure Drift in LLM Serving Systems” through
three self-contained evaluation paths: (1) GPU reproduction
to reproduce H100—B200 drift (30 min), (2) PRI model re-
training reproducing all 10 R? values from Table 2 (5 min),
or (3) automated verification of all 31 numerical claims
(1 min). Complete dataset: 236,985 prompt-response pairs
across 105 configurations (5 models, 4 GPUs, 3 frameworks,
3 precisions). All code (MIT) and data (CC BY 4.0) are
open-source.

P.2 Artifact check-list (meta-information)

* Algorithm: Gradient Boosting (XGBoost) for PRI prediction;

flip rate calculation; semantic similarity

Program: Python 3.8+, verification scripts, DriftBench CLI

Compilation: None (interpreted Python)

Binary: Pre-trained PRI model (pri_model.pkl, 1.7MB)

Data set: 236,985 prompt-response pairs (400MB, Zenodo);

2,257 prompts across 5 workloads (Code: 164, Math: 500,

Safety: 520, Chat: 973, Long-context: 100); 516 safety + 100

semantic similarity human annotations

* Run-time environment: Linux/macOS/Windows, Python 3.8+,
numpy, pandas, scipy, scikit-learn

e Hardware: CPU only (4GB RAM). NVIDIA H100 80GB +

B200 192GB for GPU reproduction

Execution: Command-line scripts, Python API

Metrics: Flip rate (% of prompts where correctness classifi-

cation changed between configurations), R?, Spearman p, F-

statistics

QOutput: JSON reports, CSV measurements, pass/fail verifica-

tion

¢ Experiments: GPU reproduction (30min), PRI retraining
(5min), Automated verification (1min)

* How much disk space required (approximately)?: 100MB
(CPU-only). ~70GB for GPU reproduction (model weights)

¢ How much time is needed to prepare workflow (approxi-
mately)?: Path B/C: 5 minutes. Path A: 30 minutes—1 hour

¢ How much time is needed to complete experiments (approxi-

mately)?: 1-30 minutes depending on path

Publicly available?: Yes (GitHub)

Code licenses (if publicly available)?: MIT

Data licenses (if publicly available)?: CC BY 4.0

Workflow framework used?: Python scripts, bash scripts

Archived (provide DOI)?: Zenodo: https://doi.org/

10.5281/zenodo.19361066 (code, AE materials, full

dataset)

e o o o

P.3 Description
P3.1 How delivered
Two public repositories and a Docker image:

1. DriftBench CLI: https://github.com/Gia
nluigiVitale/driftbench — Analyze exist-
ing results from 105 configurations.

2. Artifact Evaluation: https://github.com/G

ianluigiVitale/driftbench-ae — All
three evaluation paths (A, B, C), scripts, data, and
GPU reproduction package.

3. Docker Hub: gianluigivitale/
driftbench-ae:latest — Pre-configured
Docker image for GPU reproduction.

Full dataset (236,985 pairs, 400MB) on Zenodo: https:
//doi.org/10.5281/zenodo.19361066 — not
required for evaluation (all verification uses local CSV
summaries).

P.4 Quick Start: Choose Your Evaluation Path
P4.1 Path A: GPU Reproduction (H100 + B200, 30 min)

What: Reproduce Section 3.3 production case end-to-end
with live inference on 520 prompts.

Requirements: H100 80GB + B200 192GB GPUs. A
step-by-step RunPod setup guide for renting these GPUs on
https://www.runpod. io is included in the artifact
repository README. Docker is pre-configured, so you only
need to download models and run experiments—very easy
and fast.

Model access: Llama models require authorization from
Meta via HuggingFace. Users must obtain their own access
token at https://huggingface.co/settings/
tokens after being granted access to the model repository.

# Start Docker container
docker run --gpus all -it \
gianluigivitale/driftbench-ae:latest

# Inside container

cd /workspace

git clone https://github.com/\
GianluigiVitale/driftbench-ae.git

cd driftbench-ae/artifact_evaluation/\
reproduction_scripts

# Login with your HuggingFace token
huggingface-cli login \
——token <YOUR-HF-TOKEN>

# Download models (~50GB, 10-15 min)
bash download_models.sh

# Run experiments
python parallel_controller.py \

—--hardware h100 --workers 1 # ~5 min
python parallel_controller.py \
—--hardware b200 --workers 1 # ~5 min

# Compute flip rate (needs both results)
python compute_direct_flip_rate.py

Figure 8. Path A: GPU reproduction commands.

Expected: Flip rate ~23.85% (£2-3% due to Llama-
Guard).

Multi-instance setup: If H100 and B200 are on sep-
arate instances, run experiments separately and transfer
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the results/ folder between instances before running
compute_direct_flip_rate.py. The folder is lo-
cated at driftbench-ae/artifact_evaluation/
reproduction_scripts/results/.

P4.2  Path B: PRI Model Retraining (CPU-only, 5 min)

What: Retrain PRI model from raw data to reproduce all
10 R2 values in Table 2 (Hardware, Precision, Framework,
Model dimensions with Training + Test R? each).

Requirements: Python 3.8+, standard libraries.

# Clone artifact evaluation repository
git clone https://github.com/\
GianluigiVitale/driftbench-ae.git

# Install dependencies
pip install numpy pandas scipy \
scikit-learn joblib

# Run PRI retraining

cd driftbench-ae/artifact_evaluation/\
pri_model_recreation/

python prepare_pri_dataset.py

python train_pri_enhanced.py

python validate_generalization_enhanced.py

Figure 9. Path B: PRI model retraining commands.

Expected: All 10 R? values match Table 2 (Train R2:
4% 1.000; Test R?: Hardware 0.909, Precision 0.763, Frame-
work 0.479, Model 0.118). Results are deterministic up to
floating-point variance from XGBoost’s parallel execution
(values match to 3—4 significant figures).

P4.3  Path C: Automated Verification (CPU-only, 1 min)
What: Verify all 31 numerical claims via Python scripts.

Requirements: Python 3.8+, standard libraries.

# Clone repository
git clone https://github.com/\
Gianluigivitale/driftbench-ae.git

# Install dependencies

pip install numpy pandas scipy \
scikit-learn joblib

# Verify all claims

cd driftbench-ae/artifact_evaluation/\

verification_scripts/
python verification_master_script.py

Figure 10. Path C: Automated verification commands.
Expected: 31/31 checks pass.

P.5 Hardware & Software

Path A (GPU): Pre-built Docker image
gianluigivitale/driftbench-ae:latest

includes CUDA 12.8.1, PyTorch 2.8.0, SGLang 0.5.2, and
all dependencies. No installation needed.

Paths B & C (CPU): Any modern CPU, 4GB RAM, Python
3.8+, standard scientific libraries.

P.6 Data
All data included in repositories:

e flip_rates.csv (420 measurements from 105
configs X 4 objective workloads)

* generalization_results.csv (PRI held-out
validation: Hardware R2=0.909, Precision R2=0.763)

* Prompt datasets (2,257 prompts: Code 164, Math 500,
Safety 520, Chat 973, Long-context 100)

e Human annotations: 516 safety labels (safe/unsafe out-
puts), 100 semantic similarity labels (chat baseline
comparison)

* Complete experimental matrix: 525 experiments (84%
coverage: 105 of 125 planned configs)

Full dataset (236,985 pairs, 400MB) on Zenodo: https:
//doi.org/10.5281/zeno0do.19361066 — not
required for evaluation.

P.7 Key Claims Mapping

e Table 2: Path B (PRI retraining), Path C (verification
scripts)

¢ Section 3.3 (Production case): Path A (GPU repro-
duction)

¢ All 31 numerical claims: Path C (verification master
script)

P.8 Installation
Paths B & C (CPU-only):

# Clone repository
git clone https://github.com/\
Gianluigivitale/driftbench-ae.git

# Install dependencies

pip install numpy pandas scipy \
scikit-learn joblib

Figure 11. Installation commands for Paths B and C.

Path A (GPU): No installation needed—Docker image has
everything pre-configured.

P9 Notes

* GPU not required: Paths B and C are CPU-only.

e Deterministic: Path C uses pre-computed CSV data
(exact reproducibility). Path B is deterministic up to
floating-point variance from XGBoost’s parallel execu-
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tion (results match to 3—4 significant figures). Path A
has £2-3% variance (expected).

¢ Time estimates: Path A (30 min), Path B (5 min), Path
C (1 min).

¢ Tested on: Ubuntu 22.04, Windows 11 (WSL2).



